Animals track fluctuating stimuli over multiple timescales during natural olfactory behaviors. Here, we define mechanisms underlying these computations in Caenorhabditis elegans. By characterizing neuronal calcium responses to rapidly fluctuating odor sequences, we show that sensory neurons reliably track stimulus fluctuations relevant to behavior. AWC olfactory neurons respond to multiple odors with subsecond precision required for chemotaxis, whereas ASH nociceptive neurons integrate noxious cues over several seconds to reach a threshold for avoidance behavior. Each neuron's response to fluctuating stimuli is largely linear and can be described by a biphasic temporal filter and dynamical model. A calcium channel mutation alters temporal filtering and avoidance behaviors initiated by ASH on similar timescales. A sensory G-alpha protein mutation affects temporal filtering in AWC and alters steering behavior in a way that supports an active sensing model for chemotaxis. Thus, temporal features of sensory neurons can be propagated across circuits to specify behavioral dynamics.
INTRODUCTION
Olfactory, gustatory, and pheromone cues provide essential information about an animal's environment. Because these cues are chemically diverse, most studies of the chemical senses ask how animals detect and distinguish the chemical identity of a stimulus. However, the temporal properties of stimuli are also important, conveying information about the distribution of food, mates, competitors, and predators (Reidenbach and Koehl, 2011; Riffell et al., 2008) . Accordingly, the olfactory system should detect temporal features of chemical stimuli, just as neurons in the visual and auditory systems are tuned to relevant temporal features (DeAngelis et al., 1995; Nagel and Doupe, 2008) . Temporal response characteristics of olfactory neurons and their targets have been studied in a variety of animals (Bhandawat et al., 2005; Brown et al., 2005; Geffen et al., 2009; Getahun et al., 2012; Kim et al., 2011; Martelli et al., 2013; Nagel and Wilson, 2011; Shusterman et al., 2011; Vickers et al., 2001) , but the detailed relationships between neuronal dynamics and behavioral timescales have not been defined.
In the nematode worm Caenorhabditis elegans, chemosensation and chemosensory behaviors can be functionally mapped to individual genes and neurons (Bargmann, 2006) . Each sensory neuron detects environmental chemicals through a cell-typespecific repertoire of G-protein-coupled receptors and directs characteristic behaviors such as chemotaxis or avoidance. These behaviors require the integration of chemical cues over a range of timescales. For example, during gradient climbing, animals follow odor concentration changes within a few seconds to regulate their head orientation, but they also integrate concentration changes over about a minute to regulate turning frequency (Pierce-Shimomura et al., 1999; Iino and Yoshida, 2009; Izquierdo and Lockery, 2010; Albrecht and Bargmann, 2011) ; in avoidance behaviors, animals withdraw from a strong noxious stimulus within a second, but integrate weak noxious stimuli over about 10 s (Chao et al., 2004) .
Sensory neurons are tuned to chemical identity by the receptor genes they express, but to establish a link to behavioral timescales, we must examine their temporal response properties. Direct examination of chemosensory signaling in C. elegans using genetically encoded calcium indicators has shown that sensory neurons respond to chemical stimuli with a slow calcium transient that rises for several seconds and decays partially or completely over $60 s of stimulus presentation (Hilliard et al., 2005; Chalasani et al., 2007; Suzuki et al., 2008; Zimmer et al., 2009; Busch et al., 2012) . The stronger initial calcium response and weaker tonic response of sensory neurons correlates with their ability to drive both immediate and prolonged behavioral responses (Chalasani et al., 2007; Zimmer et al., 2009; Busch et al., 2012) but, beyond that, the nature of temporal encoding is a mystery.
Here, we characterize temporal coding in two classes of C. elegans chemosensory neurons: AWC neurons that sense attractive odorants and ASH neurons that sense noxious chemical and mechanical stimuli. We show that these neurons respond reliably and robustly at speeds that are well matched to their particular behavioral functions. Models of their temporal properties provide insight into the defects caused by sensory signal transduction mutations and demonstrate a close relationship between sensory neuron dynamics and sensory-driven behaviors.
RESULTS

Reliable Responses to Rapid Stimulus Fluctuations
We developed and validated a system for simultaneous calcium imaging and delivery of rapidly fluctuating odor stimuli (5 Hz) in an all-liquid environment in a microfluidic chip (Figure S1 available online). We monitored the activity of C. elegans sensory neurons to these fluctuating stimuli using the genetically encoded calcium indicator GCaMP3 (Tian et al., 2009) , which has high sensitivity (660 nM apparent affinity), an $10-fold dynamic range, and rapid dynamics (344 ms t 1/2 decay time) (Sun et al., 2013) . Calcium imaging is well-suited to C. elegans neurons, which typically have graded responses, lack sodium-based action potentials, and use voltage-gated calcium channels to amplify neuronal inputs and regulate neurotransmitter release (Goodman et al., 1998; Liu et al., 2009) .
The AWC olfactory neurons, which mediate chemotaxis to attractive odors, are inhibited by odors and activated by odor removal (Chalasani et al., 2007) . Removing the attractive odor isoamyl alcohol after a 5 min exposure results in a calcium increase in AWC that peaks within 5 s and decays over 30-60 s ( Figure 1A ). When the 5 min pulse was instead followed with alternating 1 s pulses of odor and buffer, AWC responded with regular, sustained calcium oscillations at 0.5 Hz ( Figure 1C ). The oscillating response followed the stimulus with a reliable phase lag near 90 , continued after the offset response reached a steady state ( Figure 1C , inset), and stopped immediately when stimulus oscillations ceased.
ASH nociceptive neurons respond to noxious chemicals such as high-osmolarity glycerol with an increase in calcium that peaks within 10 s and decays over 60 s (Hilliard et al., 2005; Figure 1B) . Replacing the glycerol step stimulus with a flickering 1 s glycerol stimulus resulted in regular oscillations of the calcium signal at 0.5 Hz, delayed by a >180 phase shift relative to the stimulus that persisted after the decay of the initial response (Figure 1D) . Thus, AWC and ASH neurons can respond to subsecond stimulus fluctuations.
To characterize the temporal features of the AWC and ASH responses more precisely, we used a system identification approach. Transitions between full and zero odor concentration were controlled by a pseudorandom m-sequence to approximate a spectrally unbiased stimulus pattern (Figures 1E and 1F; see Experimental Procedures) . Both AWC and ASH responded to the m-sequence stimuli with calcium fluctuations that persisted after the initial response to stimulus onset or offset reached steady state ( Figures 1E and 1F ). These AWC and ASH calcium responses were strikingly stereotyped across different animals and across trials for a given animal (Figures 1G and 1H;  Dayan and Abbott, 2001; Westwick and Kearney, 2003; Sakai et al., 1988) . In this approach, the input-output transformation for each neuron is decomposed into two sequential operations: convolution with a linear temporal filter that describes how the recent history of the stimulus contributes to the current value of an intermediate variable x at time t, followed by the application of a static nonlinearity that converts x(t) into an estimate of the measured fluorescence change ( Figure S2A ).
Consistent linear temporal filters for AWC and ASH were extracted from single trials (gray traces in Figure 2A ) and from trial-averaged data (black traces in Figure 2A ). The temporal filters for ASH and AWC are shown with opposite signs, reflecting the fact that ASH activity rises and AWC activity falls in response to stimulus increases. The trial-averaged filter for AWC has an initial component that peaks at 0.9 s and decays with a t 1/2 of 1.5 s (n = 11, range t peak = 0.6-1.15 s, t 1/2 = 0.8-2.1 s); the trial-averaged filter for ASH peaks at 3.4 s and decays with a t 1/2 of 4.3 s (n = 13, t peak = 2.9-3.6 s, t 1/2 = 2.8-6.1 s; Figure 2A ). Close inspection of AWC and ASH filters suggested that each is biphasic and switches its sign after lags greater than 10-12 s for AWC and greater than $15 s for ASH. Modeling work and responses to step stimuli described below support the existence of these features.
The temporal filters for both AWC and ASH were reproducible when derived using a second m-sequence with a different detailed structure ( Figure 2B ). In addition, exposing AWC to an m-sequence without the initial 5 min odor pre-exposure yielded a temporal filter indistinguishable from that obtained with the standard odor protocol ( Figure 2C ). In control experiments, similar temporal filters were observed in animals whose GCaMP3 expression levels varied by $5-fold (data not shown) and in an AWC strain expressing a different calcium indicator, GCaMP5A ( Figure 2C ). These results suggest that the temporal filters are robust to the detailed pattern of stimulation, as well Figure 2C ). Similarly, ASH filters were consistent over an 8-fold concentration range of osmotic glycerol stimuli ( Figure S3B ). These results suggest that temporal filtering in AWC and ASH is independent of stimulus intensity across a broad range of concentrations. Somatic calcium responses are not always correlated with electrical activity, but calcium entry through voltage-gated channels in presynaptic axons is tightly associated with synaptic transmission and neuronal output. A comparison of axonal and somatic calcium signals tracked with GCaMP3 showed that axonal calcium for each neuron had a similar temporal filter to the cell body, but with slightly faster rise to peak (AWC: 0.85/ 0.6 s; ASH: 3.5/3.1 s) and a significantly shorter half-width (AWC: 2.3/1.4 s; ASH: 6.3/5.0 s) ( Figures 2D and 2E ). The overall match between these filters suggests that calcium signals in AWC and ASH are relatively consistent across the cell under these conditions, although they are slightly slower in the soma.
An ODE Model Defines Separate Contributions of Neuronal Signaling and GCaMP Dynamics
We modeled the phenomenological filters for AWC and ASH neurons as a sum of three exponential functions generated by a system of three first-order linear ordinary differential equations, the ''ODE model'' (Figures 3A and 3B ; see Experimental Procedures). The model consists of an initial process (A in Figure 3B ) that reproduces the response rise time, followed by two parallel paths of opposite sign with fast and slow dynamics (F and S). The relative timescales of the fast and slow components are primarily set by the relaxation time constants 1/k f and 1/k s of the parallel path variables, and their relative strengths are set by the forward interaction rate constants k af and k as ( Figure 3B ). After parameter optimization, the sensory filters given by this model closely matched the trial-averaged filters extracted from the data (Figure 3C ; Table S1 ). The model filters are the sum of two components, one arising from the A-F pathway and the other from the A-S pathway ( Figure 3D ).
The temporal filters extracted directly from input-output records reflect the response properties of the neurons as well as (E) In black, the first six seconds of overall model filters for AWC and ASH. In red, the intrinsic neuronal filter L neuron analytically deconvolved from the overall filter L meas to remove the dynamical effect of GCaMP3 (Tian et al., 2009; Sun et al., 2013) . (F) Normalized power-law nonlinearities for AWC and ASH obtained from individual input-output records (gray) and from trial-averaged input-output records (black). See also Figure S2 .
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Temporal Responses of C. elegans Sensory Neurons the dynamics of the conversion of intracellular calcium levels into fluorescence signals by the GCaMP indicator ( Figure 3A ). To estimate the intrinsic neuronal filters, which are not directly observable, we modeled the effects of GCaMP as an additional L-N cascade that captures the known calcium binding and unbinding properties of GCaMP3 (Tian et al., 2009; Sun et al., 2013 ) (Experimental Procedures), and then deconvolved the observed sensory filter with the linear GCaMP element. In doing this, it was important to use the analytically smooth filters described by the ODE model, because the required deconvolution amplifies high-frequency noise in sampled data, whereas the deconvolution of the ODE model filter can be done exactly (Experimental Procedures). The results of this deconvolution suggested that the intrinsic AWC filter peaks very rapidly: the first component peaks within 0.35 s of stimulus onset in the soma ( Figure 3E ) and at 0.15 s in the axon. Similar calculations suggested that the intrinsic ASH filter peaks at 2.9 s in the soma ( Figure 3E ) and 2.25 s in the axon. The nonlinearities that convert the filtered signal into the observed fluorescence changes for both AWC and ASH had similar, monotonic, concave forms (Figures 3F, S2B-S2E, and S3B). The mean exponent of a power-law function fit to this nonlinearity was 2.3 for AWC and 1.8 for ASH (Experimental Procedures; Figures S2B-S2E), near the Hill coefficient of 2.3 describing the cooperative dependence of GCaMP3 fluorescence intensity on calcium binding (Tian et al., 2009 ). This match suggests that a substantial component of the observed nonlinear response function is due to the calcium-to-fluorescence transformation of GCaMP3. In turn, this implies that the intrinsic calcium responses of AWC and ASH are close to linear over the tested range.
L-N Models Accurately Predict Neuronal Responses
The empirically derived temporal filters ( Figure 2A ) and the filters described by the ODE model ( Figure 3C ) were validated by using them to predict neuronal responses to experimental stimuli. For each individual recording, we derived an L-N model from the neuronal response (gray traces in Figure 2A ) and used this model to generate a simulated response to the measured input stimulus. We also used the trial-averaged L-N model for AWC or ASH (black traces in Figure 2A ) to simulate each response. In all cases, the simulation closely matched the true neuronal response, with similar performance for individual and trial-averaged models, indicating that trial-by-trial fitting was not required for good model results ( Figures 4A and 4B) . The trial-averaged L-N models performed equally well on an independent set of trials that were not used for filter estimation ( Figure 4B ). Finally, we observed similar accuracy when we cross-validated the L-N model derived from one m-sequence to test data using a second m-sequence ( Figures 2B and 4B ). These results compare favorably to L-N model fitting in other experimental systems (Geffen et al., 2009; Clark et al., 2011) .
The ODE filter model is described by seven free parameters, four describing the normalized linear temporal response and three describing the (GCaMP) power law nonlinearity. Using the same approach described above, we derived a model for each individual trace and the trial-averaged trace and used these models to simulate responses to inputs. The average variance accounted for by the ODE filters for each neuron was 69%-96% (individualized model) or 61%-96% (trial-averaged model; Figure 4B ). The ODE model generated from trial-averaged data performed equally well at explaining variance when cross-validated with independent experimental trials and m-sequences ( Figure 4B ). The success of these ODE models indicates that the good performance of the empirically derived filters for the L-N models did not arise from overfitting.
The Filters Predict Additional Features of AWC and ASH Responses
To test the generality of the LN-ODE models for stimuli other than the m-sequence, we used the LN-ODE model to simulate the calcium response to 1 s flickering stimuli in AWC and ASH neurons, using the measured trial-averaged input stimulus as input to the model ( Figures 1C and 1D) . The model accurately predicted the relative magnitude and the phase lag of both AWC and ASH responses to 1 s flickers, showing a larger-magnitude oscillatory response in AWC than in ASH and a distinct phase lag in ASH ( Figures 4C and 4D) .
Remarkably, the simulated traces also provide a good description of the initial onset/offset responses in AWC and ASH ( Figure 4C ), even though the models were constructed solely from data taken during the later steady-state period of the response. The LN-ODE model captured large initial responses to stimulus offset or onset, the timing of the response peak, the initial decay of the response, and the sustained response fluctuations ( Figure 4C ). The ability of the models to account for the initial transient is due to the biphasic structure of their temporal filters, with components of different sign and width, and can be understood by picturing how a step stimulus is integrated by the filter ( Figure S4 ). The step first encounters the initial rise and peak of each filter, resulting in the initial rise of the response. A purely monophasic filter would result in a monotonic response, but the response to a biphasic filter with fast and slow components of opposite sign decays as the contribution from the slow component becomes more prominent ( Figure S4 ). This allows the model to predict a response decay after the peak, a feature that resembles adaptation (Figures 4C and S4) .
For both neurons, but especially for ASH, the model overestimates the steady-state fluorescence level and the flicker magnitude of the response at long times (>60 s for AWC and >40 s for ASH; Figure 4C ). This discrepancy suggests the existence of additional sensory adaptation mechanisms that are not accounted for by the LN-ODE model ( Figure S4 ); multiple adaptation mechanisms are a common feature of sensory responses (e.g., Fairhall et al., 2001 ). In addition, the model underestimates the initial slope (<5 s) of the responses for both AWC and ASH. These two discrepancies may be related, because sensory responses tend to be both larger and faster before adaptation.
Generalization of the Sensory Filters across Odors
To determine whether AWC response properties generalize across odors, we examined two additional odors, benzaldehyde and butanone. Both are sensed by AWC, but genetic and behavioral evidence suggests that they are detected through different
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Temporal Responses of C. elegans Sensory Neurons receptors than isoamyl alcohol (Bargmann, 2006; Wes and Bargmann, 2001) . AWC responded strongly and reliably to m-sequences of either butanone or benzaldehyde, yielding average temporal filters similar to the average filter for isoamyl alcohol (Figures 4E and 4F) . This similarity suggests that rapid linear sensory processing may be a general feature of AWC. (6) trial-averaged L-N model applied to a cross validation set, (7) mean trial-averaged L-N model applied to a hold-out set driven by a second m-sequence stimulus, and (8) mean trial-averaged L-N model estimated from the second m-sequence set tested on trials of the first m-sequence. Bars indicate average performance; n = 14 for AWC, n = 10 for ASH, and n = 7 for both cross-validation sets. (C) In green, simulated responses to trial-averaged 1 s on/off square pulse input records using the mean ODE filter L-N model for AWC and ASH. Actual trialaveraged output records are in black (n = 12 for each neuron). Brackets indicate time period excerpted in (D). The ODE models do not describe response magnitude; they were scaled to the peak response. (D) Magnified excerpt of predicted (green) and actual (black) responses in (C) from t = 25-35 s. Gray vertical lines divide the inset graphs into 2 s epochs aligned to stimulus transitions. (E and F) AWC filters to (E) butanone (BUT; 1.11 3 10 À5 M, n = 27), and (F) benzaldehyde (BZ; 9.8 3 10 À4 M, n = 10). Trial-averaged filters are in black and individual trial filters in gray; red is isoamyl alcohol reference. (G) ASH filter for NaCl (500 mM, n = 13). Trial-averaged filter is in black and individual trial filters in gray; red is 1 M glycerol (GLY) reference. See also Figures S4, S5 , and S6.
Temporal Responses of C. elegans Sensory Neurons ASH neurons are polymodal nociceptors that detect aversive touch, osmolarity, acid, odors, and tastes, in each case mediating reversal behaviors. We found that ASH responses to high-osmolarity NaCl (500 mM) could be described with a temporal filter similar to the filter obtained with glycerol ( Figure 4G) . By contrast, ASH responses to copper (1-10 mM CuCl 2 ), quinine (10 mM), and dihydrocaffeic acid (DHCA, 100-300 mM) adapted quickly and did not support sustained responses to fluctuating stimuli ( Figure S5A ; data not shown). These results suggest that ASH response dynamics are less stereotyped than those of AWC.
A Calcium Channel Mutant Probes the Mechanisms and Behavioral Impact of ASH Response Dynamics ASH neurons detect chemical repellents using multiple G protein-coupled receptor proteins, heterotrimeric G proteins, and channels of the transient receptor potential vanilloid (TRPV) family, whose opening secondarily activates the voltage-gated calcium channel EGL-19 ( Figure S3A ). For the most part, sensory transduction genes required for glycerol avoidance behavior were also required for ASH calcium responses to 10 s glycerol pulses and to fluctuating m-sequence stimuli, for example, the sensory G protein odr-3 and the TRPV channels osm-9 ocr-2 ( Figure S5 ; data not shown). These results suggest that a common sensory transduction cascade initiates ASH calcium responses to both sustained and flickering glycerol stimuli.
The L-type voltage-gated Ca 2+ channel encoded by egl-19
had a more subtle role in ASH signaling. The magnitude of ASH calcium responses to 1 M glycerol was only slightly decreased by an egl-19(n582) reduction-of-function mutation, but ASH dynamics were different from the wild-type, with a delayed peak and less decay during either prolonged or sequential presentations of glycerol stimuli ( Figures 5A and S5 ). This effect was clarified by exposing egl-19(n582) ASH neurons to glycerol stimuli presented in the m-sequence and extracting the temporal filter ( Figures 5B-5D ). ASH neurons in egl-19(n582) mutants appeared monophasic, lacking the inverted, slow component of the linear filter (component A-S in Figures 3B and 3D ) and retaining only the fast A-F component ( Figure S3D ). The ODE model predicts that the absence of the slower A-S component should delay the peak calcium response and reduce response decay after long glycerol pulses, matching the observed ASH response ( Figure 5A ). Conversely, an egl-19(ad695 gf) gain-offunction mutant appeared to enhance the slow inhibitory component of the ASH response, leading to an opposite effect on the temporal filter ( Figures 5B-5D and S3). These results implicate calcium entry through the EGL-19 voltage-gated Ca 2+ channel in the decay of the ASH sensory response after $15 s. To ask whether these properties were represented in avoidance behavior, we quantified avoidance behaviors in a microfluidic chip that allowed rapid addition and removal of glycerol with simultaneous tracking of behaviors in many animals (Albrecht and Bargmann, 2011) . Wild-type animals responded to glycerol with turns and reversals that diminished in frequency within a 30 s stimulus pulse, suggesting behavioral adaptation, and with transient slowing of forward locomotion that recovered fully during the 30 s pulse (Figures 5E-5G ). In egl-19(n582) mutants, initial glycerol avoidance behaviors were normal, but adaptation of turns, reversals, and locomotion speed was significantly delayed, resulting in sustained avoidance ( Figures 5E-5G) . Thus, egl-19 has matching effects on calcium response dynamics in ASH and behavioral adaptation to aversive stimuli on similar timescales.
Rapid AWC-Dependent Signaling Is Associated with a Specific Chemotaxis Strategy
The dynamic analysis described above implies that AWC can process odor fluctuations in less than a second, much more rapidly than was expected from previous calcium imaging experiments. One rationale for this property is suggested by considering the two strategies C. elegans uses for chemotaxis ( Figure 6A ). In the ''pirouette'' strategy, animals integrate odor history over 20-90 s to regulate a biased random walk and suppress turns when approaching an odor (Pierce-Shimomura et al., 1999). In the alternative ''weathervane'' or klinotaxis strategy, animals make small directed course corrections to steer upward in a gradient (Iino and Yoshida, 2009; Albrecht and Bargmann, 2011) . A theoretical model for directed steering has suggested that the animal could sample the environment through the head swings generated during its own sinusoidal motion, as long as odor sensation rises and falls within $0.5-1 s, the timescale of one head swing (Izquierdo and Lockery, 2010) ( Figure 6G ). The importance of the rapid AWC filter in these chemotaxis strategies was addressed by identifying a mutant that affects the fast odor responses of the AWC neurons. Animals mutant for the G protein alpha subunit ODR-3 are defective in their ability to chemotax to isoamyl alcohol, but they retain a partial ability to chemotax to butanone (Roayaie et al., 1998) . AWC neurons in odr-3 mutants responded reliably to fluctuating isoamyl alcohol and butanone stimuli ( Figure 6B ). However, the odr-3 isoamyl alcohol filter was considerably slowed; after correcting for GCaMP dynamics, the time to peak averaged 1.5 s ( Figures  6B-6D ). The odr-3 butanone filter was less strongly affected, peaking in <1 s ( Figures 6C and 6D) . The rapid AWC response to isoamyl alcohol was rescued by expressing an odr-3 cDNA in AWC neurons, confirming that the defect was caused by the odr-3 mutation ( Figure S6 ). These results suggest that an ODR-3-containing G protein is required for very rapid AWC calcium responses to the same odor for which odr-3 affects chemotaxis.
The $1.5 s response of odr-3 AWC neurons to isoamyl alcohol is predicted to be above the range required for rapid steering, but within the longer range required for regulation of turning rates. We therefore assessed both rapid steering and regulated turning by wild-type and odr-3 animals in a gradient of isoamyl alcohol. Wild-type and odr-3 mutants had comparable performance in ''pirouette'' or turning behaviors ( Figure 6E ). Wild-type animals also showed accurate steering toward the isoamyl alcohol, as demonstrated by a curving rate that peaked when the animal's bearing was 90 from the odor source. By contrast, odr-3 mutants were defective in steering when heading R90 from the odor source ( Figure 6F ). These results support the possibility that rapid AWC responses contribute to rapid steering behavior in chemotaxis.
Neuron Temporal Responses of C. elegans Sensory Neurons
In the presence of a spatial gradient, head swings should cause an oscillation in odor concentration at the tip of the nose that is proportional to head motion ( Figure 6G ). We modeled the concentration oscillations experienced as a result of head swings when an animal is oriented 90 from the odor source and then used L-N models derived from wild-type and mutant animals to predict AWC responses to the oscillating stimulus ( Figure 6G, lower panel) . The predicted AWC oscillations for odr-3 mutants were smaller in amplitude than those for the wild-type and more phase-shifted with respect to the odor gradient, in agreement with a chemotaxis defect.
Both amplitude and phase information could be exploited to guide locomotion in a gradient. A simple model of how the animal determines steering angles was used to explore how these signals might be used in chemotaxis. With respect to phase information, when the heading angle of the animal relative to the odor source is q, the signal obtained from the difference between the AWC responses during dorsal and ventral swings is proportional Figure 3D , shown here in green. See also Table S1 .
(E) Behavioral analysis of egl-19(n582) avoidance responses to 500 mM glycerol. Reversals (black) and omega turns (red) (upper traces) and speed changes (dark blue line, lower traces) are avoidance behaviors elicited upon encountering the high-osmolarity stimulus. Results are shown for seven successive 30 s pulses of glycerol (gray) alternating with 30 s of S basal buffer (white), with behaviors binned every 2 s. (F and G) The seven pulses from (E) were averaged into a single stimulus-aligned response to 500 mM glycerol (illustrated for wild-type in left panels) and analyzed in right panels (1,420 tracks for wild-type, 868 tracks for egl-19(n582)). (F) Fraction of animals exhibiting reversal and omega behavior in the last bin of a 30 s pulse period (''adapted'') divided by the maximum fraction exhibiting reversals or omegas in any bin (''peak'') for each of seven consecutive pulses. Error bars indicate SD; ***p = 0.0002, Welch's two-tailed t test. (G) Average time to half-recovery of baseline forward speed after glycerol encounter. Error bars indicate SD; ****p < 0.0001, Welch's two-tailed t test.
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Temporal Responses of C. elegans Sensory Neurons to sin(q). The sinusoidal shape of the wild-type curving rate trace ( Figure 6F ) suggests that this phasic ''difference signal'' is relevant for steering behavior. odr-3 mutants regulate their curving rates based on bearing but do so incorrectly. A possible explanation is that they detect oscillations in AWC responses during head swings but, because of the increased phase delay ( Figure 6G ), cannot determine which side corresponds to the higher concentration. The behavior we observe suggests that they instead use an amplitude-based strategy, steering in the direction that reduces the magnitude of the AWC oscillations. In other words, the mutants may use the gradient of the magnitude sin 2 (q) to guide their behavior, which means that the relevant signal is dsin 2 (q)/dq = sin(2q). The curving rate of the mutant animals (Figure 6F ) is well approximated as being proportional to sin(2q), suggesting that, being unable to interpret the phase of the signal, they use changes in its amplitude to direct their steering. (C and D) n = 11-27 traces per condition. In (D), wild-type isoamyl alcohol differs from BUT (p < 0.001), wild-type isoamyl alcohol differs from odr-3 isoamyl alcohol (p < 0.001), and wild-type butanone differs from odr-3 butanone (p = 0.0013) by Welch's two-tailed t test. See also Figure S6 . (E) Both wild-type (WT) and odr-3 suppress turning when moving toward the odor (0 bearing) and increase turning when moving away from the odor (180 bearing), with a positively increasing relationship, the signature of a biased random walk. Turning events were counted across 60 tracks for each strain during a 20 min assay. Error bars indicate SEM. (F) Curving rate versus bearing reveals a defect in steering in odr-3 relative to wild-type (WT) at bearings R90 . When moving away from the odor source, odr-3 animals curve in the wrong direction. Data are taken from three assays per genotype, with 10-20 animals per assay. Error bars indicate SEM. (G) Tracked distance from the head of a worm to an odor source, relative to the mean head-to-source distance along the track segment, versus time. This representative track was made during a forward run at a bearing of 90 to an odor source $1 cm away (in red). Bottom plot, ''perception signals'' simulated by convolving the head position with the empirical trial-average isoamyl alcohol ODE filters for AWC in wild-type (WT) (black) and odr-3 (red). The odr-3 perception signal is attenuated and phase lagged relative to wild-type.
Temporal Responses of C. elegans Sensory Neurons stimulus offset or onset with a large calcium peak that decays to steady state over tens of seconds. The rapid responses and a significant component of the initial peak and decay can be described by a single biphasic filter expressed in terms of three decaying exponentials and a simple kinetic scheme. Through the use of mutants, we were able to relate the filters downward to the molecular signaling pathways that generate them and upward to the behaviors that they support. Biphasic filters of this general form, with the first and second phases having different timescales, are found in sensory systems ranging from bacterial chemotaxis to human psychophysics. An analysis of responses to step inputs offers an intuitive way to understand a filter's effect ( Figure S4) . A purely monophasic filter reports the strength of a stimulus, a biphasic filter with phases of equal area can generate perfect adaptation, and a partially biphasic filter can reach a steady state that represents average stimulus intensity while maintaining sensitivity to stimulus fluctuations. In the context of bacterial chemotaxis, the separated-timescale biphasic filter has been proposed as an optimal fitness balance between the goals of reaching locations of maximum attractant and the speed of gradient climbing (Segall et al., 1986; Clark and Grant, 2005) . As a temporal receptive field in mammalian vision, this shape has been proposed as a balance between the decorrelation of stimulus redundancy and filtering of noise for the purpose of efficient neural coding (Atick and Redlich, 1990) .
After correction for the nonlinearity of the GCaMP3 indicator, the responses of AWC and ASH neurons were approximately linear. This linearity may result from the fact that these nonspiking neurons are not subject to nonlinear spike thresholds, and therefore can take advantage of the greater coding capacity inherent in analog rather than digital signaling. More generally, linear or near-linear encoding is common in early steps of sensory processing, as is analog signaling. Sensory responses are largely linear in invertebrate and vertebrate photoreceptors (Marmarelis and McCann, 1977; Schnapf et al., 1990) , in rat trigeminal neurons (Jones et al., 2004) , and in primate vestibular neurons (Massot et al., 2012) , with more complex features emerging in higher-order neurons.
Temporal Filtering of Olfactory Information
The question of how olfactory systems represent or use temporal information from odor fluctuations to guide behavior has long been of interest, but has been difficult to address directly in other animals because of the many steps between odor sensation and behavior. For example, system identification approaches have revealed highly heterogeneous temporal properties of insect olfactory neurons (Getahun et al., 2012; Kim et al., 2011; Martelli et al., 2013; Nagel and Wilson, 2011) . Not only are individual neurons different from one another, but a single neuron expressing a single receptor protein can respond to two different odors with distinct temporal dynamics. This heterogeneity helps encode odor identity, as flies can behaviorally discriminate two odors that activate the same receptor with different dynamics (DasGupta and Waddell, 2008) . Whether these heterogeneous properties also relay odor-specific information about temporal fluctuations is unknown. Odor responses in projection neurons, the targets of olfactory neurons, can be described by an L-N model that represents odor fluctuations across the population, independent of odor identity (Geffen et al., 2009) . This patterned projection neuron activity may encode temporal information about odors (Vickers et al., 2001; Brown et al., 2005) , but it discards detailed information from individual peripheral neurons.
In C. elegans, our results suggest that ASH-specific and AWCspecific temporal information can be propagated through the nervous system without loss, since mutants with subtle changes in sensory neuron dynamics have matching changes in behavioral dynamics. This result was not obvious, as sensory neurons are not always temporally correlated with behaviors-vertebrate visual perception is much faster than cone photoreceptor integration times, which run to hundreds of milliseconds (Schnapf et al., 1990) . Even where there is a correlation of sensory and perceptual timescales, as in the vertebrate auditory system (Eggermont et al., 1983) , that general correlation does not automatically extend to the detailed temporal features of sensory neurons we describe here, nor does it demonstrate the preservation of that temporal information across circuit levels.
Mapping ASH Filter Properties onto Molecules and
Behaviors ASH neurons initiate a nociceptive escape behavior with a latency of up to 10 s, depending on the strength of the repellent stimulus (Mellem et al., 2002; Chao et al., 2004) . These behavioral dynamics match the ASH filter for high-osmolarity glycerol, which had a peak response at $3 s and an $10 s integration time. These values appear slow for an escape circuit, but the temporal filter does not determine how quickly a neuron can respond, and indeed ASH depolarizes in response to aversive touch stimuli within a few milliseconds (Geffeney et al., 2011) . Instead, the filter defines the time at which the neural response to a stimulus is strongest and the interval over which the signal is integrated. Relatively slow filtering may allow ASH to evaluate noxious high-osmolarity stimuli based on their strength, duration, and rate of change.
ASH temporal filters for high-osmolarity glycerol and NaCl were similar, although they have different molecular receptors: the primary Na + sensor, tmc-1, is not required for glycerol sensation (Chatzigeorgiou et al., 2013) . However, ASH adapted quickly and did not support sustained responses to the repellents quinine and DHCA, suggesting heterogeneity in its temporal responses.
The ability to map mutations onto specific model features allowed a more detailed mapping of the LN-ODE models to molecular mechanisms and behavior. Based on previous studies, we expected the EGL-19 L-type voltage-activated calcium channel to amplify sensory signaling or generate a nonlinearity in the ASH glycerol response. Instead, an egl-19 mutation preferentially affected the slow inverted component of the response, and its strongest effect on ASH calcium dynamics was on response decay. This observation predicted a reduction in behavioral adaptation to glycerol that was observed at similar timescales. Calcium initiates desensitization or adaptation in many sensory systems (Torre et al., 1995) . Our results do indicate a small role of EGL-19 in the amplification of the signal, in agreement with other work (Hilliard et al., 2005) , and there may be other cells and conditions in which EGL-19 is more important for the primary signal.
Neuron Temporal Responses of C. elegans Sensory Neurons
Rapid Signaling in AWC Supports Active Sensing The apparent ability of AWC to detect odor gradients produced by sinusoidal head swings is an example of active sensing, in which an animal shapes the structure of sensory input through motor behavior (Schroeder et al., 2010) and perception requires sensory-motor integration (Saig et al., 2012) . One requirement for active sensing is a sensory neuron that parses the environment within the time interval of the coupled motor behavior. Odor sensing in AWC neurons involves fast linear filters that peak in less than a second, a timescale matched to individual head swings. If the active sensing model is correct, rapid filtering of stimuli may be a general requirement for neurons that drive steering behavior in chemotaxis and thermotaxis. Notably, a temperature shift generates a current in thermosensitive AFD neurons that peaks at $500 ms (Ramot et al., 2008) , a time frame similar to the rapid AWC response inferred here.
Among postsynaptic targets of AWC, the RIA neuron is a plausible target for detecting rapid AWC signals for steering, since it responds to AWC odors with calcium transients that are time locked to sinusoidal head swings (Hendricks et al., 2012) . By contrast, another target neuron, AIB, regulates turning and responds to AWC activation with a half-time of 10 s (Chalasani et al., 2007) . AIB might sense slower changes in AWC activity during the biased random walk behaviors that integrate odor responses over many seconds.
Rhythmic active sensing, such as sniffing, whisking, and the head-swing-related olfactory behavior studied here, performs best when sensory and motor systems operate not only at matching frequencies, but in temporal phase with each other. The odr-3 G-alpha protein mutation that slows the AWC filter suggests such a phase-matching feature because it gave rise to altered steering behaviors, not the complete absence of steering. We speculate that a phase-dependent element of chemotaxis explains the stereotyped temporal response of AWC neurons across multiple odors and a 100-fold range of odor concentration. This invariance may maintain, across odors and odor concentrations, a tight match of sensory and motor dynamics for active sensation.
EXPERIMENTAL PROCEDURES Calcium Imaging
Calcium imaging lines for ASH and AWC neurons expressed the genetically encoded calcium indicator GCaMP3 (Tian et al., 2009) under the sra-6 and str-2 promoters, respectively. One-day-old adult worms were trapped in a custom-designed microfluidic device made of the transparent polymer polydimethylsiloxane (PDMS), where their noses were exposed to liquid streams under laminar flow . Switching between odor streams was accomplished by controlling flow to two adjacent laminar side-streams, a protocol that minimized fluid pressure changes during odor delivery (Figure S1 ). Movement artifacts were minimized by adding a cholinergic agonist, 1 mM tetramisole, to the worm-loading channel. Tetramisole had no apparent effect on chemosensory responses in AWC or ASH neurons. Wide-field microscopy was used to simultaneously monitor GCaMP fluorescence from the cell of interest and fluorescein dye added to the stimulus channel. The measured dye fluorescence in each frame was used as a surrogate for odor concentration for modeling. Fluorescence signals were analyzed after a newly developed bleach-correction algorithm with gain correction (see Supplemental Experimental Procedures).
The m-sequence pulse length was limited to a minimum of 200 ms because of the mechanical limit of the microfluidic switch, assessed by tracking fluorescein. ASH calcium activity in response to 1 M glycerol (with fluorescein) had a near-fusion response to 200 ms flicker, indicating that the cell or sensor was close to its limit for tracking the stimulus; AWC responses were faster. Pseudorandom sequences were 23 repeats of 9 bit word length m-sequences, i.e., an m-sequence length of 2 9 À 1 = 511 pulses.
Dynamical Model Estimation and Correction for GCaMP3 Response Dynamics
We generated analytical versions of each filter with five free parameters by defining them to be the result of convolution of the putative GCaMP3 filter and the impulse response of a third-order linear system given by the following equations:
The linear filter arising from these equations is the impulse response, which is the solution for an input given by a d-function and the initial condition A(0) = B(0) = C(0) = 0, and is
The optimal parameters of these filters were found by replacing linear regression with least-squares Nelder-Mead optimization of the dynamical model parameters.
Recent fluorometry experiments have measured GCaMP responses to sharp (<1 ms mixing time) up and down steps of [Ca 2+ ] (Sun et al., 2013) . In these experiments, the rate of change in fluorescence during a rise or fall in response to a calcium step is greatest immediately after the step transition and the fluorescence versus time curves do not show a discernable inflection point, suggesting that the GCaMP response is well described by a monotonically decaying filter. We modeled the filter as a decaying exponential K GCaMP = e Àkt , where k = 1/(0.4963) s À1 , corresponding to a t 1/2 decay time of 0.344 s (Sun et al., 2013) . The convolution of the GCaMP filter and neuronal impulse can be computed in a straightforward manner to obtain an expression for the full filter. To analytically deconvolve the intrinsic neural impulse response, we fit the computed full filter expression to the observed data using linear regression as described in Supplemental Experimental Procedures. We then use the resulting optimized parameters in the expression for the neural filter K neuron (t).
Model Performance Evaluation
Performance of a model with respect to a particular input-output record was evaluated by computing the variance-accounted-for (VAF) by the simulated output trace b y versus the measured output trace y, according to VAF = 100% Ã 1 À varðy À b yÞ varðyÞ :
A 100% VAF indicates that a model has perfect predictive power, whereas a 0% VAF indicates that a model has no more predictive power than a constant trace set equal to the mean response. The conversion from a ''signal-toresidual'' (SNR) value (Geffen et al., 2009 ) to a VAF value is given by the formula VAF = 100% * (1 À 1/SNR 2 ).
Chemotaxis Assays
Approximately 20-30 adult animals were washed with S basal and assay buffer and placed on 10 cm square chemotaxis plates (1.6% agar, 1 mM MgSO 4 , 1 mM CaCl 2 , 5 mM phosphate buffer [pH 6.0]). A total of 2 ml of 1:100 isoamyl alcohol was placed 2 cm from the origin, and a 20 min video was recorded at
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Temporal Responses of C. elegans Sensory Neurons 3 fps with Streampix software and a 6.6 MP Pixelink PL-B781F camera and tracked using MATLAB scripts to produce a set of tracks of the body centroid. For ''pirouette'' or turning frequency analysis, turns were identified and binned with respect to their incoming bearing angle in 15 intervals, following the method of Tsunozaki et al. (2008) . For ''weathervane'' or steering analysis, track portions within 1 cm of the odor source on the animal's first approach to within 2 mm of the odor source were analyzed to detect curvature versus bearing, following the method of Iino and Yoshida (2009) . Portions of tracks with extremely high curving rates (>40 degrees/mm) were excluded from analysis. For recording of the movement trace in Figure 6G , assays were performed on 6 cm round chemotaxis plates recorded at $5 fps with a Macrofire Optronics camera and tracked using custom MATLAB scripts.
Glycerol Avoidance Assays
Young adult worms were removed from food and washed, and $25 animals were injected into one arena of a custom-designed PDMS microfluidic device (Albrecht and Bargmann, 2011) . Each arena contained a structured micropost array optimized for crawling locomotion, barriers to prevent animal escape, and inlet channels to deliver temporal pulses of glycerol. After 30 min of acclimation to the PDMS environment in continuously flowing S-basal buffer, animals were exposed to 30 s pulses of 500 mM glycerol alternating with 30 s pulses of buffer, controlled by automated valves (Lee Corporation) actuated by computer using a LabJack U3-hV digital controller, a Valvebank 8 II actuator (Automate), and custom MATLAB scripts. In each experiment, 30 pulses of glycerol were given in 34 min, with 2 min of buffer before and after the last stimulus pulse, and the entire sequence was repeated six times. Figure 5 shows results from the second to eighth trials from all 30-trial series, in experiments gathered over 3-5 days for 12-20 arenas per genotype. Animals were recorded at 2 fps and analyzed using automated tracking software. Behaviors were segmented into forward locomotion, pauses, reversals, and omega turns, and animals in the forward locomotion state were also analyzed for speed, binned by 2 s intervals. A stimulus-aligned ethogram of instantaneous behavioral state was assembled for each trial and all six trials were averaged for each genotype. 
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